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Abstract

We presenta novel keyframeselectionand recognition
methodfor robust markerlessreal-time camera tracking.
Our systemcontainsan of�ine moduleto selectfeatures
froma groupof referenceimagesandan onlinemoduleto
match themto the input live videoin order to quickly esti-
matethe camera pose. Themain contribution lies in con-
structingan optimal setof keyframesfrom the input refer-
enceimages,which arerequiredto approximatelycover the
entire spaceandat thesametimeminimizethecontentre-
dundancyamongstthe selectedframes. This strategy not
only greatly savesthe computation,but also helpssigni�-
cantly reducethenumberof repeatedfeaturessoas to im-
provethecamera trackingquality. Our systemalsoemploys
a parallel-computingschemewith multi-CPUhardwarear-
chitecture. Experimentalresultsshowthat our methoddra-
matically enhancesthe computationef�ciency and elimi-
natesthejittering artifacts.

1. Intr oduction

Vision-basedcameratracking aims to estimatecamera
parameters,suchas rotationand translation,basedon the
input images(or videos). It is a foundationfor solving a
widespectrumof computervisionproblems,e.g.,3D recon-
struction,videoregistrationandenhancement.Of�ine cam-
eratrackingfor uncalibratedimagesequencescanachieve
accuratecameraposeestimation[14, 23, 29] without re-
quiring high ef�ciency. Recently, real-timemarklesstrack-
ing [9, 28, 19, 18] hasattractedmuchattention,asit �nds
many new applicationsin augmentedreality, mobility, and
robotics.

This paperfocuseson developing a practical realtime
cameratrackingsystemusingthe global localization(GL)
scheme[28, 26], whichinvolvesanof�ine processfor space
abstractionusing featuresand an online step for feature
matching.Specially, theof�ine stepextractssparseinvari-
ant featuresfrom the capturedreferenceimagesand uses
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themto representthescene.The3D locationsof thesein-
variantfeaturescanbeestimatedby of�ine structure-from-
motion (SFM). Afterwards,taking thesefeaturesasrefer-
ences,thesuccessive onlineprocessis to matchthemwith
thefeaturesextractedfrom thecapturedlivevideofor estab-
lishingcorrespondencesandquicklyestimatingnew camera
poses.

GL schemeis robust to fast movement becauseit
matchesfeaturesin a global way. This alsoprecludesthe
possibilityof erroraccumulation.It, however, hasthe fol-
lowing commonproblemsin prior work. First, it is dif�cult
to achieve real-timeperformancedueto expensive feature
extraction and matching,even in a relatively small work-
ing space.Second,thesemethodsrely excessively on the
featuredistinctiveness,which cannotbe guaranteedwhen
the spacescaleis getting large or the scenecontainsre-
peatedstructures.It wasobserved that the matchingreli-
ability descendsquickly when the numberof featuresin-
creases,which greatlyaffectsthe robustnessandpractica-
bility of this systemin cameratracking.

In thispaper, wesolvetheaboveef�ciency andreliability
problemsanddevelopacompletereal-timetrackingsystem
usingtheGL scheme.Ourcontribution lies in thefollowing
threeways. First, we proposeaneffective keyframe-based
tracking method to increaseits practicability in general
cameratrackingfor large scalescenes.A novel keyframe
selectionalgorithmis proposedto effectively reducetheon-
line matchingambiguityandredundancy. Thesekeyframes
areselectedfrom all referenceimagesto abstractthespace
with a few criteria: i) the keyframesshould be able to
approximatethe original referenceimagesand containas
many salientfeaturesaspossible;ii) the commonfeatures
amongtheseframesareminimumin orderto reducethefea-
turenon-distinctivenessin matching;iii) thefeaturesshould
be distributedevenly in the keyframessuchthat given any
new input framein the sameenvironment,the systemcan
always�nd suf�cient featurecorrespondencesandcompute
theaccuratecameraparameters.

Second,with the extractedkeyframes,in the real-time
cameratrackingstage,we contributeanextremelyef�cient
keyframerecognitionalgorithm,which is able to �nd ap-



propriatematchingkeyframesalmost instantly from hun-
dredsof candidates. Therefore,the computationcan be
greatlysaved comparedto the conventionalglobal feature
matching.Finally, we developa parallel-computingframe-
work for furtherspeed-up.Realtimeperformanceis yielded
with all thesecontributionsin our key-framecameratrack-
ing system.

2. RelatedWork

We review cameratracking methodsusing keyframes
andfeature-basedlocationrecognitionin thissection.

Real-time Camera Tracking In the past a few years,
SLAM wasextensively studied[11, 4, 10, 16, 17] andused
for real-timecameratracking.SLAM methodsestimatethe
environmentstructureandthecameratrajectoryonline,un-
derahighly nonlinearpartialobservationmodel.They typ-
ically useframe-to-framematchingand con�ning-search-
region strategies for rapid featurematching. As a result,
they usuallyrun fast. However, drifting andrelocalisation
problemscould be producedwith this schemebecauseit
highly relieson theaccuracy of pastframes.Recentdevel-
opmentmainly concentratedon improving the robustness
andaccuracy in a larger scalescene.The major issuesof
thisschemeincluderelocalisation[32, 3, 17, 12] aftercam-
eralost, submapmerging andswitching[2], andthe close
loopmanagement[31].

If 3D representationfor thespaceis available,real-time
cameratracking can be easierand more robust. Several
markerlessalgorithms[30, 6] have beenproposedto em-
ploy the object's CAD modelto facilitatecameraposees-
timation. However, theseCAD modelsare usually dif�-
cult, if not impossible,to be constructed. Skrypnyk and
Lowe [28] proposedmodelingnaturalsceneusinga setof
sparseinvariant features. The developedsystemcontains
two modules,i.e. theof�ine feature-basedscenemodeling
andonline cameratracking. It runsat low frameratedue
to expensive SIFT featureextractionandmatching.It also
highly relies on the distinctivenessof SIFT features,and
is thereforelimited to representinga relatively smallspace.
Thispaperfocusesonsolvingtheseproblemsin atwo-stage
trackingsystem.

Keyframe-basedMethods Keyframeselectionis a com-
mon techniqueto reducethe dataredundancy. In the real-
time cameratrackingmethodof Klein et al. [16], a setof
onlinekeyframeswereselected,which facilitatethebundle
adjustmentfor the3D maprecovery. In [17], thekeyframes
wereusedfor relocalisationwith simpleimagedescriptors.
For model-basedtracking, Vacchetti et al. [30] selected
keyframesmanually in the of�ine mode,and matcheach
onlineframeto a keyframewith theclosestvisible area.In
all thesemethods,keyframesareselectedmanuallyor by
a simpleprocedure,which is not optimal for the tracking

taskwhenthe cameraundergoescomplex motions. In our
method,a setof optimal keyframesareselectedfor repre-
sentingandabstractinga space.They arevital for ef�cient
onlinefeaturematching.

Feature-based Location Recognition There are ap-
proachesto employ theinvariantfeaturesfor objectandlo-
cationrecognition[27, 24, 25, 7, 8, 1]. Thesemethodstypi-
cally extractinvariantfeaturesfor eachimage,andusethem
toestimatethesimilarityof differentimages.Foreffectively
dealingwith a large-scaleimagedatabases,a vocabulary
tree[22, 5] wasadoptedto organizeandsearchmillions of
featuredescriptors.However, thesemethodsdo not extract
sparsekeyframesto reducethe dataredundancy, andcan-
notbedirectlyusedfor real-timetracking.Theappearance-
basedSLAM methodof Cumminsand Newman [8] con-
siderstheinter-dependency amongthefeaturesandapplies
thebag-of-wordsmethodwithin a probabilisticframework
to increasethespeedof locationrecognition.However, the
computationcostis still highandit cannotachievereal-time
tracking.

Recently, Irscharaet al. [15] proposea fast location
recognitiontechniquebasedon SFM point clouds.In order
to reducethe3D databasesizeto improve recognitionper-
formance,syntheticviews areinvolvedto introducea com-
pressed3D scenerepresentation.In contrast,we propose
constructinganoptimalsetof keyframesfrom theinput ref-
erenceimagesby minimizinganenergy function,whiches-
tablishesa goodbalancebetweenthe representationcom-
pletenessandtheredundancy reduction.

3. Framework Overview

We �rst give an overview of our framework in Table1.
It containstwo modules,i.e. theof�ine feature-basedscene
modelingandonline cameratracking. The of�ine module
is responsiblefor processingthereferenceimagesandmod-
eling spacewith sparse3D points. In this stage,SIFT fea-
tures[21] are �rst detectedfrom the referenceimagesto
establishthemulti-view correspondences.Thenwe usethe
SFMmethod[33] to estimatethecameraposetogetherwith
the3D locationsof theSIFT features.

1. Of�ine spaceabstraction:
1.1 ExtractSIFT featuresfrom thereferenceimages,

andrecover their 3D positionsby SFM.
1.2 Selectoptimalkeyframesandconstructavocabu-

lary treefor onlinekeyframerecognition.
2. Online real-timecameratracking:

2.1 ExtractSIFT featuresfor eachinput frameof the
incominglivevideo.

2.2 Quickly selectcandidatekeyframes.
2.3 Featurematchingwith candidatekeyframes.
2.4 Estimatecameraposewith thematchedfeatures.

Table1. FrameworkOverview



In theonlinemodule,weestimatethecameraparameters
for eachinput frame in real-timegiven any capturedlive
videoin thesamespace.Insteadof frame-by-framematch-
ing usingall referenceimages,in our approach,we select
severaloptimalkeyframesto representthescene,andbuild
avocabulary treefor onlinekeyframerecognition.For each
onlineframe,weselectappropriatecandidatekeyframesby
a fastkeyframerecognitionalgorithm.Thenthelive frame
only needsto be comparedwith the candidatekeyframes
for featurematching. With the estimated3D positionsof
all referencefeatureson keyframesand suf�cient 2D-3D
correspondencesfor thelive frame,thecameraposecanbe
reliablyestimated.

4. Optimal KeyframeSelection

As describedabove, directly usingall referenceimages
for featuredetectionandonlinematchingis notoptimal.To
handleimagestakenwith thecameramoving in amoderate-
scalescene,we proposeselectingkeyframesin orderto in-
creasethefeaturedetectionef�ciency andreducethepossi-
blematchingambiguity. Our thoughtis to selectanoptimal
subsetof referenceframesto approximatethe 3D space.
Theseframesshouldcontainas many salient featuresas
possibleandat thesametime make the featuresuniformly
distributedin theenvironment.

Sowe de�ne theproblemasfollows. Giveninput n ref-
erenceimagesÎ = f I i ji = 1; 2; :::; ng, we attemptto com-
putean optimal subset(i.e. keyframeset)F = f I k jk =
i 1; i 2; :::i K g, which minimizesthecostde�ned in thefunc-
tion E(F ; Î ). The keyframenumberK is adaptive in our
methodto maximizethe�e xibility . E (F ; Î ) consistsof two
terms, i.e., the completenessterm Ec(F ) and the redun-
dancy term E r (F ), modelingrespectively the scenecom-
pletenessandpixel redundancy:

E(F ; Î ) = Ec(F ) + �E r (F ); (1)

where� is a weight. The de�nitions of the two termsare
describedasfollows.

4.1.CompletenessTerm

The completenessterm is usedto constrainthat the se-
lectedkeyframescontainasmany salientSIFT featuresas
possible.For real-timetracking,we requirethat onesuch
featurecan�nd multiple matchesin differentframessoas
to accuratelycomputeits 3D coordinates.

All matchedSIFT featuresarewith thesimilar descrip-
tors [21]. For reasonsof ef�ciency, we clusterthem and
unify their representationby averagingthe SIFT descrip-
tors (we use the 64D descriptors). Each of the resulted
featureclustersis denotedas X , which containsa series
of matchedfeaturesin multiple frames,written as X =
f x i ji 2 f (X )g wheref (X ) denotesthe referenceimage

setspannedby X . It is notablethatjf (X )j, for all X , must
be larger than 1 becauseif one feature�nds no matchin
otherimages,its 3D positioncannotbedetermined.Wede-
notef (X ) wherejf (X ) � l j assuperiorfeaturesandthe
setof thesuperiorfeaturesasV(Î ). l is setto 10 � 20 in
ourexperiments.

We de�ne thesaliency of oneSIFT featureasthecom-
binationof two factors,i.e. thematchcountof onefeature
in differentreferenceimagesjf (X )j andtheDifference-of-
Gaussian(DoG)strength,andwrite it as

s(X ) = D(X ) � min(jf (X )j; T); (2)

whereT is the truncatedthresholdto prevent a long track
over-suppressothers. It is setto 30 in our experiments.A
largevaluein jf (X )j indicatesa high con�denceof match-
ing. D(X ) is expressedas

D(X ) =
1

jf (X )j

X

i 2 f (X )

D i (x i );

whereD i denotestheDoG map[21]. D (X ) representsthe
averageDoGmapfor all featuresin f (X ). ThelargerD(X )
is, thehighersaliency thefeaturesetX has.

Despitetheabove two measures,anotherimportantcon-
straint to make real-timetracking reliable is the spatially
near-uniform distribution of all featuresin the space.It is
essentialfor �nding suf�cient matcheswith respectto input
onlineframesin thesamespace.

We de�ne the featuredensityd(y i ) for eachpixel y in
imagei . Its computationis describedin Algorithm 1. With
thedensitymapsfor all images,wede�ne thesetdensityas

d(X ) =
1

jf (X )j

X

i 2 f (X )

d(x i );

whered(x i ) denotesthefeaturedensityof x i in imagei .

Algorithm 1 Featuredensitycomputationfor imagei
1. Initialize all densitiesto zerosin themap.
2. for j = 1; :::; m, % m is thefeaturenumberin imagei

for eachpixel y i 2 W (x j ),
%W is a31� 31window and
%x j is thecoordinateof featurej in imagei

d(y i ) += 1.

Finally, ourcompletenesstermis de�ned as:

E t (F ) = 1 � (
X

X 2 V (F )

s(X )
� + d(X )

)=(
X

X 2 V ( Î )

s(X )
� + d(X )

);

(3)
where� controlsthesensitivity to featuredensity. It is set
to 3 in our experiments.V (F ) denotesthesuperiorfeature
setin thekeyframesetF .



4.2.RedundancyTerm

The commonfeaturesin differentkeyframesshouldbe
assmall aspossiblein order to reducethe redundancy of
featuresandsimplify theextensive featurematching.Since
we have detectedfeatureset f (X ), the redundancy mini-
mization problemis equivalent to making the featuresin
thesamef (X ) distributedto a minimumsetof keyframes.
We thereforede�ne

E r (F ) =
1

jV (Î )j

X

X 2 V (F )

(jf (X ) \ F j � 1); (4)

where1=jV (Î )j is for normalization,jf (X ) \ F j computes
thecopiesof featuresin bothX andthekeyframes.jf (X ) \
F j = 1 indicatesno redundancy.

4.3.KeyframeSelection

With anexhaustive searchof all possiblesubsetsof Î in
the referenceimages,we cancertainly�nd theoptimalset
of keyframesthatminimizesthecostin (1). However, it is
not computationallyef�cient to enumeratethe 2n subsets.
In [20], with a �x ed numberof keyframes,dynamicpro-
gramming(DP) wasusedto searchtheoptimalsolutionfor
video summarization.Note that this schemedoesnot suit
oursystembecauseourcostfunctionhasamuchmorecom-
plex formandthenumberof keyframesisnot�x ed.Further,
the methodin [20] assumesthat only adjacentframesare
possiblyoverlapped,andaccordinglyproposedagreedyal-
gorithm to approximatethe solution. We do not make the
sameassumptionin problemde�nition.

Our keyframeselectionprocessis basedon a steepest-
descent-like methodas describedin Algorithm 2. It pro-
ceedsin thefollowing way. To begin with, we constructan
emptyF andthenprogressively addframes.In eachpass,
a new keyframe that reducesthe mostenergy is addedto
F . This processcontinuesuntil thecostcannotbereduced
anymore.Thecomputationcomplexity is O(n2). In ourex-
periments,it takes only a few secondsto �nd keyframes
from hundredsor thousandsof images,and the obtained
keyframesarealwayssuf�ciently goodfor the purposeof
real-timecameratracking.

Algorithm 2 Keyframeselection

1. Let F = ; .

2. If 8I i 2 f Î n F g; E(F [ f I i g) � E (F ), exit.

3. Otherwise,I 0 = argminI i 2f Î nF g E(F [ f I i g), and
F = F [ f I 0g, go to step2.
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Figure1. A vocabulary tree. All feature descriptors are originally
in the root node, and are partitionedhierarchically. Each node
hasa weightto representits distinctiveness.

5. FastKeyframeRecognition

With the collectedkeyframes, we perform keyframe-
basedfeaturematchingfor online tracking. However, it
is still costly to �nd all matchesbetweenthe input frame
andthekeyframes,especiallywhenthereexist a consider-
ableamountof keyframes. We observe that any input tar-
get frameonly coversa small portionof thespace;so it is
inevitable thatmany keyframesdo not evenhave thecom-
moncontentwith the input. We thusexcludetheseuseless
framesfrom featurematchingto save computation,by em-
ploying avocabularybasedfastselectionalgorithm.

5.1.Vocabulary TreeConstruction

Givena setof keyframes,we constructa visualvocabu-
lary by hierarchicallyclusteringall thedescriptorsof supe-
rior features.Our vocabulary treeconstructionis similar to
thatof [22, 25] wherethevocabularyV is organizedasanl
level treewith branchingfactorb, andtherootnode(cluster)
containsall descriptors.The K-Meansmethodis usedto
partitionthedescriptorsinto bclusters;thenall clustersbe-
comechildrenof theroot node.This processcontinues,re-
cursively partitioningchildrennodesuntil a speci�ed level
l is reached.The �nal vocabulary treehasjV j nodes,and
eachnodei is attachedwith a meandescriptorof the fea-
turesin thenode.Figure1 givesanillustration. Eachnode
i hasa keyframelist L i . N i (k) denotesthenumberof fea-
turesin keyframek thatareclusteredin nodei .

Eachnodei alsocontainsa weightwi , which represents
its distinctiveness.In oursystem,theweightis de�ned as

wi = log
K

jL i j
; (5)

whereK is the numberof all keyframes. The nodecount
jV j is determinedby thebranchingfactorbandtreedepthl .
In ourexperiments,wenormallyselect20 � 50keyframes,
and eachkeyframe extracts about 300 � 500 features.
Therefore,weusuallysetb = 8; l = 5 in ourexperiments.



Algorithm 3 Candidatekeyframeselection

1. SetthematchingvalueC(k) = 0 for eachkeyframek.

2. For eachonline frame, the detectedm featuresare
matchedfrom theroot nodeto leafsin thevocabulary
treeasfollows:

In eachlevel, for eachclosestnodei with weightwi >
� ,

for eachk 2 L i ,

C(k)+ = N i (k) � wi .

3. SelectK keyframeswith largestC.

5.2.CandidateKeyframeSearching and Matching

In [22, 25], anappearancevectoris usedto describean
image,whereeachelementcorrespondsto onenodein the
vocabulary tree. To constructthe appearancevectorof an
image,eachfeaturedescriptoris simply searcheddown the
treeby at eachlevel comparingthedescriptorvectorto the
bcandidateclustercentersandchoosingthetheclosestone.
Thentheweightof theclosestnodein eachlevel is addedto
thecorrespondingelementsof theappearancevector. This
processrepeatsuntil all m featuresin the imageare pro-
cessed.

With the built appearancevectors,the similarity of two
imagescanbeestimatedwith vectordistancecomputation.
Directly employing this strategy for keyframerecognition,
evenwith thesparsepropertyof theappearancevectors(i.e.
only comparenon-zeroelements),resultsin computation
time O(m � K ), which grows linearly with the numberof
keyframes.

Here,we introducea moreef�cient keyframerecogni-
tionalgorithm(Algorithm3with anillustrationin Figure1).
We employ a voting schemesimilar to theoneof [1]. The
computationalcomplexity is O(m � ~L), where~L is theav-
eragekeyframenumberof thematchednodesin traversing.
Speci�cally, in Algorithm 3, we de�ne a threshold� to ex-
cludethe non-distinctive nodeswhich aresharedby many
keyframes. In experiments,we observe that the closera
nodeis to the root, the easierit is excludedbecausethese
top-level nodesmostlikely containredundantfeatures.On
thecontrary, ~L is usuallya very smallvaluefor leaf nodes.
This weightingschememakesthe time spenton keyframe
recognitionalmostconstanteven with a large numberof
keyframes. The majority of computationis on descriptor
comparison.It is stablebecausethe featurenumberm in
eachonlineframe,branchingfactorb, andtreedepthl sel-
domchangedrastically.

After selectingthe most relatedkey framesfor an on-
line image,we performfeaturematching.This is quick be-

Module Time per frame
SIFT featureextraction � 110ms
KeyframeRecognition � 6 ms
Keyframe-basedmatching � 15ms
Cameraposeestimation � 20ms
Rendering � 10ms

Table2. Processtimeper framewith a singlethread.

causean of�ine KD-tree is independentlyconstructedfor
eachkeyframe, which can speedup matching. The out-
liers are rejectedin our systemby epipolargeometrybe-
tweentheonlineframeandkeyframesusingRANSAC [13].
To obtain more matches,we can utilize matchedfeatures
on the previous frame by �nding their correspondences
on the currentframe throughlocal spatialsearching[16].
Onceall matchesarefound,sincea featurein thereference
keyframescorrespondsto a 3D point in the space,we use
these2D-3Dcorrespondencesto estimatecamerapose[28].

6. Implementation and Results

In this section,we describethe implementationdetails
andshow ourexperimentalresults.

6.1.Parallel Computing

Framerateandlatency aretwo key indexesin areal-time
vision system.Framerateis usuallywritten asthenumber
of framesthatcanbeprocessedin onesecond,andlatency is
theelapsedtime betweencapturingandrenderinga frame.
A goodreal-timesystemshouldhave high framerateand
low latency. Table2 shows thetime spentin differentsteps
for oneinput frameof the`cubicle' example.Eventhough
weonly usea singleworking thread,thelatency is assmall
as160ms, andtheframerateis around6 fps. Thisvalidates
theef�ciency of ourkeyframe-basedtrackingscheme.

We alsoemploy a parallelcomputingtechniqueusinga
multi-coreCPU to improve the systemperformance.Our
framework containstwo parallel hierarchies– that is, the
inter-frameandintra-framecomputations.For inter-frame
process,we assignthecomputationtasksfor eachframeto
separatethreads.Therefore,theframeratecouldbeseveral
timeshigherthanusingasingleCPU.However, thelatency
is not reducedbecausethe total computationtime for each
framedoesnot decrease.To tackleit, we assignthe most
expensive computation,i.e. featureextractionandmatch-
ing, to multiple threads.Sincethefeaturesareindependent
of eachother, their descriptioncanbegeneratedsimultane-
ouslyon multiple threads,andonceoneof themis ready, it
canbesentto matchingimmediately. With this intra-frame
parallelism,the latency causedby featureextractionis sig-
ni�cantly reduced,andthelatency causedby matchingcan
basicallybe ignored. Figure2 illustratestheparallelcom-
puting diagram. All the modulesare connectedand syn-



Figure2. Diagram of our system.It is dividedto multiple parts
connectedby thread-safebuffers. Different componentsrun on
separateworkingthreads,andaresynchronizedby theframetime
stamp.

chronizedby thread-safebuffers.Oursystemcanoperateat
about20 fps.

6.2.Experimental Results

All resultsshown in this sectionandthesupplementary
video 1 are producedon a computerwith a 4-coreXeon
2.66GHzCPU. The referenceandlive frames(resolution:
640� 480) arecapturedby aLogitechQuick-CamPro9000
videocamera.

We �rst show an indoor cubicle example in Figure 3.
Figure3(a) shows the recovered6167sparse3D points in
theof�ine stage.Figure3(c) shows theselectedkeyframes
by our method. There are only a few commonfeatures
among theseframes and they basically cover the entire
space,as shown in Figure 3(b). The original reference
frames,the capturedlive frames,andthe real-timerender-
ing of thesystemareillustratedin thesupplementaryvideo.

Table3 shows how settingdifferent � would in�uence
keyframeselection.It canbeobserved that if we select33
keyframes,more than 99% matchedfeaturesin all refer-
enceimagesarecoveredin thiskeyframeset,andalmostno
losscanbecausedwhenwe usethemto estimatethecam-
eraposesfor onlineframes.Evenwith only 13 keyframes,
about 70% featuresin the original referenceimagescan
be maintained. The keyframe sparsitymakes online fea-
ture matchingrobust andfast. In our experiments,we set
� = 0:1, sinceit maintainsmostfeatures.

Ourkeyframerecognitionis veryef�cient, whichspends
only 6ms even with a single working thread. Figure 4
shows the performancecomparison. Comparedto the
appearance-vector-basedmethod[22], our runningtime is
lessvariantto thechangeof thekeyframenumbers.

1The supplementary video as well as the complete se-
quences can be downloaded from the following website:
http://www.cad.zju.edu.cn/home/gfzhang/projects/realtimetracking/

� Keyframe Feature Feature
Number Completeness RedundancyE r

0.01 33 99:64% 0.748824
0.05 28 97:36% 0.503486
0.1 23 93:06% 0.319604
1 13 69:09% 0.063239
10 8 48:58% 0.000649

Table 3. The statisticsof feature completenessand redundancy
with different� andkeyframenumbers.
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Figure4. Timespentin keyframerecognition. Thecomputationof
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keyframenumberwhile our methoddoesnot. Thetotal running
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Figure5. Comparisonof feature matching. Our keyframe-based
methodyieldsmuch more reliablematchesthanglobalmatching.

For demonstratingthe effectivenessof our method,
we also compareour keyframe-basedmatchingwith the
methodof [28]. In [28], a KD tree was constructedfor
all referencefeatures.Eachfeaturein a live frameis com-
paredwith thosein the KD tree. We namethis scheme
global matching to distinguishit from our keyframe-based
matching.Figure5 comparesthereal-timematchingqual-
ity betweenthesetwo methodsin theindoorcubicleexam-
ple. It is measuredby the numberof correctmatchesin
processingoneonline frame. As illustrated,our keyframe
methodyieldsmuchmorereliablematchesthantheglobal
method.With theKD-tree, thematchingtime of eachfea-
tureis O(log M ) for globalmatching,whereM is thetotal
numberof features.For our keyframe-basedmatching,the
runningtime is only K � O(log m), wherem is theaverage
featurenumberin eachkeyframeandK is thenumberof the
candidatekeyframes.

For global matching,the computationtime grows with



(a) The recovered3D points in the of-
�ine stage.

(b) Theselectedkeyframesviewedin 3D. (c) Thekeyframes.

Figure3. Theindoorcubicleexample.

M . But for our keyframe-basedmethod,its computation
timeis relatively morestableanddoesnotgrow with theto-
tal numberof features.In our experiments,for eachonline
frame,we extract about300 SIFT features,andthe global
matchingtime is about40ms (M = 6167) with a single
working thread.Our methodonly uses15ms with K = 4.
Theaugmentedresultby insertinga virtual objectis shown
in our supplementaryvideo. The jittering artifactwhenin-
sertinganobjectinto thelivevideois noticeablewith global
matching,but notwith ourkeyframe-basedmatching.

Figure 6 shows anotherexampleof an outdoorscene,
containingmany repeatedsimilar structures.The scaleof
the spaceis relatively large. Figure6(a) shows the recov-
ered615223Dpoints.Theselected39keyframesareshown
in Figure 6(b), covering 53:7% of the superior features.
Pleaserefer to our supplementaryvideo for augmentedre-
sult andmoreexamples.

Klein andMurray [16, 17] employed online bundlead-
justment(BA) with parallelcomputingto avoid of�ine 3D
reconstruction.This strategy, however, is not very suitable
for ourexamplesthataretakenin relatively largescenesbe-
causeSFMfor suchaworkspacerequirescomputationally-
expensive global BA which cannotbe done online. We
havetestedoursequencesusingthepubliclyaccessiblecode
PTAM (http://www.robots.ox.ac.uk/� gk/PTAM/). The in-
put framerateis setto 5fpsto giveenoughtime to thelocal
BA thread,andeachsequenceis repeatedfor theglobalBA
to converge. Even so,we found PTAM only succeededin
trackingthe �rst half part of the indoor cubiclesequence,
andfailedon theothertwo outdoorsequences.Readersare
referredto our supplementaryvideo for the detailedcom-
parison.

7. Conclusions

In this paper, we have presentedan effective keyframe-
basedreal-timecameratracking. In the of�ine stage,the
keyframesareselectedfrom thecapturedreferenceimages
basedon a few criteria. For quick onlinematching,we in-
troducea fast keyframe candidatesearchingalgorithm to
avoid exhaustive frame-by-framematching. Our experi-
mentsshow thata smallnumberof candidatereferenceim-

(a) Therecovered3D featurepoints. (b) Thekeyframesviewedin 3D.

Figure6. Anoutdoorsceneexample.

agesaresuf�cient for achieving high coverageof features
in the input images. Comparedto global matching,our
methodnot only simpli�es featurematchingandspeedsit
up, but also minimizesthe matchingambiguity when the
original imagescontainmany non-distinctive features. It
makescameraposeestimationrobust.

Our methodstill haslimitations. If thecameramovesto
a placesigni�cantly differentfrom the trainingkeyframes,
thecameraposecannotbeaccuratelyestimated.In practice,
this problemcanbealleviatedby capturingsuf�cient refer-
enceimagesto cover thespace.In addition,this paperhas
demonstratedthe effectivenessof the proposedkeyframe
selectionandrecognitionmethods.We believe it couldbe
combinedwith otherframe-to-frametrackingscheme,like
SLAM, to further improve the ef�ciency. So onepossible
directionof our futurework is to reduceof�ine processing
by collectingonlinekeyframesto updateandextendspace
structure,andcombineframe-to-frametracking(suchasthe
SLAM methods)to furtherimprove theperformanceof our
systemin anevenlargerspace.Employing GPUfor further
accelerationwill beexplored.
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